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Figure 1: Our proposed System. The interface is split into three rows. In the first row, the users selectmagnets (2.1) from the
Problem and their corresponding Analogy, mixing them or adding their own in the Playspace (2.2) to generate insightful
questions/recombinations (2.3) to facilitate divergent thinking and as a result, aid in recognition of beneficial analogies.

ABSTRACT
Analogical reasoning, a process that integrates potential leads
across domains and disciplines, has been proven to contribute to
breakthrough innovations. Selecting the right analogical leads is
crucial, as it determines the quality and effectiveness of the gen-
erated ideas. However, identifying relevant analogical leads can
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be challenging and may be missed due to premature rejection or
design fixation. To address this problem, our system, "AnalogiLead",
draws on the cognitive mechanisms of chunking and recombina-
tion as a medium of interaction for selecting beneficial analogies.
Users interact with meaningful chunks or segments from a design
problem and analogy, represented as interactive tiles called "mag-
nets", and evaluate the analogies by recombining the "magnets" into
brainstorming questions. These mechanisms are designed to foster
playful and divergent exploration of analogical leads (vs. restric-
tive, relevance-based screening), to reduce premature rejection of
analogical leads and foster more analogical innovations.
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1 INTRODUCTION
Analogical reasoning has been recognized as a powerful tool for
generating breakthrough innovations. Analogical thinking involves
drawing connections between seemingly disparate domains to gen-
erate new ideas and approaches by identifying structural similarities
[11, 13, 24, 25]. Far analogies, in particular, have been instrumental
in some of the most significant scientific and technological break-
throughs throughout history [6, 12, 21, 35, 41].

However, selecting relevant analogical leads can be challenging
due to the preference of memory retrieval for near, within-domain
analogies that share object attributes [14, 15, 19, 28]. Furthermore,
analogical processing can be demanding on cognitive resources,
often exhausting working memory, especially when multiple rela-
tions need to be processed at once [18]. This can sometimes result
in sub-optimal outcomes, as seen in the development of the first
microwave oven, which was inspired by the analogy between radar
and cooking but took several years to develop into a viable product,
due to an improper understanding of users needs [10].

Existing approaches to analogical processing have attempted to
address these challenges through instruction [16, 30, 37] or non-
overgeneralized [39] abstract representations of problems and ana-
logical examples [27, 42]. Computational models and systems have
also been proposed to facilitate this process through various tech-
niques of abstraction and representation [5, 9, 11, 27, 33]. However,
mere exposure to beneficial analogical leads alone is not enough
to ensure their adoption in problem-solving [23]: factors such as
expertise [2, 36], presence of usable anchors [3], optimal represen-
tations [7, 8, 11, 17], and diversity of solutions [27] can affect the
premature rejection of potential leads, leading to design fixation
[1, 26, 32].

Fully-automated analogical search engines such as SOLVENT
[5] and ProbMap[34] have proposed breaking down a problem into
functional components such as Stakeholders, Purpose and Mecha-
nism to facilitate computational retrieval of new analogical leads.
Given prior research on the creativity benefits of interacting with
ideas in terms of their conceptual "chunks" [29, 43], we hypoth-
esize that these conceptual "chunks" may also be beneficial for
structuring interactions with existing analogical leads in a way that
supports creative exploration and (re)interpretation (and thus less
premature rejection) of analogical leads. In addition, aligning non-
identical relational predicates has been suggested to be facilitated
by re-representation [14, 31], which can assist in identifying and

retrieving relevant analogies in complex systems. Earlier studies
conducted in learning environments have explored questions as a
possible mechanism to facilitate this process of re-representation
and recombination; attempting to facilitate the creation of new
linkages between unlinked or previously linked components tar-
geting specific applications [20]. According to Herring et al. [22],
designers were found to utilize examples by re-appropriating and
recombining solution components to generate novel ideas. Addi-
tionally, studies conducted in learning environments have found
that questions play a vital role in promoting creative thinking. In
particular, open-ended questions were found to greatly increase
divergence in thinking [40]. A recent study [38] that proposed a
system to semi-automatically generate external stimuli in the form
of questions found that individuals, who were exposed to these
generated questions produced better and more versatile ideas that
those who were not. Our approach uses Large Language Models
[4] to make this process easier and more accessible.

Building on these insights, we designed a new system that lever-
ages chunking and recombinationmechanisms to support the recog-
nition and adoption of far-domain analogies, facilitating their trans-
fer across domains, and mitigating design fixation. By addressing
these challenges, our proposed system aims to improve the ef-
fectiveness of analogical reasoning in generating breakthrough
innovations.

2 THE ANALOGILEAD SYSTEM
The AnalogiLead System is designed to foster creative idea genera-
tion and problem-solving through its three key sections: Magnets,
Playspace, and Recombinations.

2.1 Magnets
The Magnets in the AnalogiLead System are carefully curated and
pre-defined sentence fragments or phrases that represent common
functional constraints or attributes related to the problem domain.
Expanding upon prior studies, we break down the problem into
four components, namely:

Stakeholder. This functional constraint highlights the benefi-
ciaries who will be affected by the assigned design problem.

Context. This functional constraint highlights the context in
which the aforementioned stakeholders face the assigned design
problem.

Goal. This functional constraint highlights the goal that the
stakeholders need to achieve to solve the assigned design problem.

Obstacle. This functional constraint highlights an obstacle that
hinders the stakeholders from achieving their goal for the assigned
design problem.

Alongside these functional constraints, the recommended analogi-
cal leads add an additional constraint to highlight the solution:

Solution. This functional constraint highlights the solution pro-
posed to solve the goal of the recommended analogical lead for the
given design problem.
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These Magnets are designed to be flexible and versatile, allow-
ing users to select and combine them in various ways to create
prompts for idea generation. The Magnets serve as building blocks
or "chunks" of ideas that can be easily manipulated and rearranged
to construct meaningful questions via. the Playspace.

2.2 Playspace
The Playspace is where users can experiment with the selected Mag-
nets to create questions. The system uses Generative Pretrained
Models (GPT) to automatically generate a wide range of questions
by recombining the selected Magnets in real-time. The generated
questions serve as prompts for the user to explore different angles
and perspectives on the problem at hand, sparking creative thinking
and encouraging divergent ideas. The user can iterate and experi-
ment with different combinations of Magnets in the Playspace to
generate a multitude of questions that prompt unique insights and
solutions, promoting divergent thinking.

2.3 Recombinations
The Recombinations section of the AnalogiLead System provides
users with the option to further customize and refine the generated
questions. Users can edit and modify the questions to better align
with their thought process, specific problem domain, or desired
outcome. This customization capability allows users to fine-tune
the prompts to their specific needs, ensuring that the generated
questions are relevant, meaningful, and tailored to their unique
requirements. The Recombinations section empowers users with
creative control, enabling them to craft prompts that are aligned
with their creative goals and objectives.

The combination of Magnets, Playspace, and Recombinations in
the AnalogiLead System creates a dynamic and iterative process
for idea generation and problem-solving, ultimately facilitating in
selecting the most beneficial analogies for a given problem. The
system leverages the power of Generative Pretrained Models to
generate a wide range of prompts, while providing users with the
flexibility to customize and refine the prompts to suit their creative
process. This human-in-the-loop approach fosters exploration of di-
verse ideas and encourages unique approaches to problem-solving,
making the AnalogiLead System a powerful tool for stimulating
creativity and improving selection of analogical inspirations while
preventing possibilities for premature rejection and design fixation.

3 TECHNICAL OVERVIEW
3.1 Prompt Engineering
Prompt:

By combining the following list of words to-
gether, generate [n] meaningful questions with
insightful relationships: [word1, word2, ..., wordN]
Output:
1.

The interface uses theOpenAI languagemodel text-davinci-002
for generating recombinations in a zero-shot learning context.
Longer prompts including functional constraints resulted in con-
fusing outputs, so the prompt structure was simplified. Descriptive
words like "insightful" and "meaningful" were added to prioritize

recombinations. The parameters for generating responses, such
as temperature, frequency penalty, and presence penalty, were ad-
justed to balance creativity and coherence. A temperature value
of 0.75 was used for moderate randomness, and frequency penalty
and presence penalty values of 0.5 and 0.25, respectively, were used
to encourage unique and diverse responses without overly strict
penalties.

3.2 Software Implementation
This interface is developed using the React Framework in JavaScript,
which is a popular choice for building user interfaces. React provides
a set of reusable primitives that can be used to create interactive
web applications. React Hooks are used to simplify the code making
it easier to manage and reuse code across components. To store
data, the system uses Firestore Backend as a service, which is a
cloud-based NoSQL database offered by Google. Firestore provides
scalable storage and real-time synchronization for mobile, web, and
server applications.

4 DEMONSTRATION
For the purposes of this demonstration, a preset design problemwill
be presented, each with six corresponding handpicked analogies.
Three analogies would be from a domain with varying degrees of
closeness to the problem while the remaining would be from a far,
yet structurally related domain. The demo will invite engagement
from the participants by giving them the freedom to play around
with the magnets of the problem and analogies, mix them or add
their ownmagnets to the Playspace to generate recombinations. We
also hope to expand the demo, to accommodate for users problems
instead of preset-ones if possible, to promote greater engagement
with the audience. Since the proposed system is a Web-interface
and given the virtual nature of the event, there is no additional
requirement needed for setup.

ACKNOWLEDGMENTS
This research was supported in part by ONR N000142012506.

REFERENCES
[1] Marine Agogué, Akin Kazakçi, Armand Hatchuel, Pascal Le Masson, Benoit Weil,

Nicolas Poirel, and Mathieu Cassotti. 2014. The Impact of Type of Examples on
Originality: Explaining Fixation and Stimulation Effects. The Journal of Creative
Behavior 48, 1 (2014), 1–12. https://doi.org/10.1002/jocb.37

[2] Olufunmilola Atilola, Megan Tomko, and Julie S. Linsey. 2016. The effects
of representation on idea generation and design fixation: A study comparing
sketches and function trees. Design Studies 42 (Jan 2016), 110–136. https:
//doi.org/10.1016/j.destud.2015.10.005

[3] David E. Brown and John Clement. 1989. Overcoming misconceptions via ana-
logical reasoning: abstract transfer versus explanatory model construction. In-
structional Science 18, 4 (Dec 1989), 237–261. https://doi.org/10.1007/BF00118013

[4] Tom B. Brown, Benjamin Mann, Nick Ryder, Melanie Subbiah, Jared Kaplan,
Prafulla Dhariwal, Arvind Neelakantan, Pranav Shyam, Girish Sastry, Amanda
Askell, Sandhini Agarwal, Ariel Herbert-Voss, Gretchen Krueger, Tom Henighan,
Rewon Child, Aditya Ramesh, Daniel M. Ziegler, Jeffrey Wu, Clemens Winter,
Christopher Hesse, Mark Chen, Eric Sigler, Mateusz Litwin, Scott Gray, Benjamin
Chess, Jack Clark, Christopher Berner, Sam McCandlish, Alec Radford, Ilya
Sutskever, and Dario Amodei. 2020. Language Models are Few-Shot Learners.
arXiv:2005.14165 [cs] (Jun 2020). http://arxiv.org/abs/2005.14165 00030 arXiv:
2005.14165 Citation Key: brownLanguageModelsAre2020.

[5] Joel Chan, Joseph Chee Chang, Tom Hope, Dafna Shahaf, and Aniket Kittur. 2018.
SOLVENT: A mixed initiative system for finding analogies between research
papers. (2018). https://doi.org/10/ggv7np

340

https://doi.org/10.1002/jocb.37
https://doi.org/10.1016/j.destud.2015.10.005
https://doi.org/10.1016/j.destud.2015.10.005
https://doi.org/10.1007/BF00118013
http://arxiv.org/abs/2005.14165
https://doi.org/10/ggv7np


C&C ’23, June 19–21, 2023, Virtual Event, USA Srinivasan

[6] Robert S. Cohen and John J. Stachel. 1979. Newton and the Law of Gravitation
[1965d]. In Selected Papers of Léon Rosenfeld, Robert S. Cohen, Marx W. Wartof-
sky, Robert S. Cohen, and John J. Stachel (Eds.). Vol. 21. Springer Netherlands,
Dordrecht, 58–87. https://doi.org/10.1007/978-94-009-9349-5_9

[7] Karl Duncker. 1945. On problem-solving. Psychological Monographs 58, 5 (1945),
i–113. https://doi.org/10.1037/h0093599 Citation Key: dunckerProblemsolv-
ing1945.

[8] Michael C Frank and Michael Ramscar. 2003. How do Presentation and Context
Influence Representation for Functional Fixedness Tasks?. In Proceedings of the
Annual Meeting of the Cognitive Science Society. Citation Key: frankHowPresen-
tationContext2003.

[9] Katherine Fu, Joel Chan, Jonathan Cagan, Kenneth Kotovsky, Christian Schunn,
and Kristin Wood. 2013. The Meaning of “Near” and “Far”: The Impact of
Structuring Design Databases and the Effect of Distance of Analogy on De-
sign Output. Journal of Mechanical Design 135, 2 (Feb 2013), 021007. https:
//doi.org/10.1115/1.4023158

[10] Giovanni Gavetti, Daniel A. Levinthal, and Jan W. Rivkin. 2005. Strategy making
in novel and complex worlds: the power of analogy. Strategic Management Journal
26, 8 (Aug 2005), 691–712. https://doi.org/10.1002/smj.475

[11] Dedre Gentner. 1983. Structure-Mapping: A Theoretical Framework for Anal-
ogy*. Cognitive Science 7, 2 (Apr 1983), 155–170. https://doi.org/10.1207/
s15516709cog0702_3

[12] D. Gentner, S. Brem, R. W. Ferguson, P. Wolff, A. B. Markman, and K. D. For-
bus. 1997. Analogy and Creativity in the Works of Johannes Kepler. American
Psychological Association, Washington D.C., 403–459. Citation Key: gentner-
AnalogyCreativityWorks1997.

[13] Dedre Gentner and Arthur B. Markman. 1997. Structure mapping in analogy and
similarity. American Psychologist 52, 1 (Jan 1997), 45–56. https://doi.org/10.1037/
0003-066X.52.1.45

[14] D. Gentner, M.J. Rattermann, and K.D. Forbus. 1993. The Roles of Similarity
in Transfer: Separating Retrievability From Inferential Soundness. Cognitive
Psychology 25, 4 (Oct 1993), 524–575. https://doi.org/10.1006/cogp.1993.1013

[15] Mary L. Gick and Keith J. Holyoak. 1980. Analogical problem solving. Cognitive
Psychology 12, 3 (1980), 306–355. https://doi.org/10.1016/0010-0285(80)90013-4
03379.

[16] Mary L. Gick and Keith J. Holyoak. 1983. Schema induction and analogical
transfer. Cognitive Psychology 15, 1 (Jan 1983), 1–38. https://doi.org/10.1016/0010-
0285(83)90002-6

[17] Sam Glucksberg and Robert W. Weisberg. 1966. Verbal behavior and problem
solving: Some effects of labeling in a functional fixedness problem. Journal of
Experimental Psychology 71, 5 (1966), 659–664. https://doi.org/10.1037/h0023118
Citation Key: glucksbergVerbalBehaviorProblem1966.

[18] Graeme S. Halford, Rosemary Baker, Julie E. McCredden, and John D. Bain. 2005.
How Many Variables Can Humans Process? Psychological Science 16, 1 (Jan 2005),
70–76. https://doi.org/10.1111/j.0956-7976.2005.00782.x

[19] Kristian J. Hammond, ColleenM. Seifert, and Kenneth C. Gray. 1991. Functionality
in Analogical Transfer: A Hard Match Is Good to Find. The Journal of the Learning
Sciences 1, 2 (1991), 111–152. https://www.jstor.org/stable/1466674

[20] Andrew Hargadon and Robert I. Sutton. 1997. Technology Brokering and Inno-
vation in a Product Development Firm. Administrative Science Quarterly 42, 4
(Dec 1997), 716. https://doi.org/10.2307/2393655

[21] J. W. Herivel. 1960. Newton’s Discovery of the Law of Centrifugal Force. Isis 51,
4 (Dec 1960), 546–553. https://doi.org/10.1086/349412

[22] Scarlett R. Herring, Chia-Chen Chang, Jesse Krantzler, and Brian P. Bailey. 2009.
Getting inspired!: understanding how and why examples are used in creative
design practice. In Proceedings of the 27th international conference on Human
factors in computing systems. ACM, 87–96. https://doi.org/10.1145/1518701.
1518717 Citation Key: herringGettingInspiredUnderstanding2009.

[23] F.W. Hesse and D. Klecha. 1990. Use of analogies in problem solving. Computers in
Human Behavior 6, 1 (Jan 1990), 115–129. https://doi.org/10.1016/0747-5632(90)
90034-E

[24] Keith J. Holyoak and Kyunghee Koh. 1987. Surface and structural similarity
in analogical transfer. Memory & Cognition 15, 4 (Jul 1987), 332–340. https:
//doi.org/10.3758/BF03197035

[25] Keith J. Holyoak and Paul Thagard. 1989. Analogical Mapping by Constraint
Satisfaction. Cognitive Science 13, 3 (Jul 1989), 295–355. https://doi.org/10.1207/
s15516709cog1303_1

[26] David G. Jansson and Steven M. Smith. 1991. Design fixation. Design Studies
12, 1 (1991), 3–11. https://doi.org/10.1016/0142-694X(91)90003-F Citation Key:
janssonDesignFixation1991.

[27] Hyeonsu B. Kang, Xin Qian, Tom Hope, Dafna Shahaf, Joel Chan, and Aniket
Kittur. 2022. Augmenting Scientific Creativity with an Analogical Search En-
gine. ACM Transactions on Computer-Human Interaction (Mar 2022). https:
//doi.org/10.1145/3530013 Just Accepted Citation Key: kangAugmentingScien-
tificCreativity2022.

[28] Mark T. Keane. 1997. What makes an analogy difficult? The effects of order
and causal structure on analogical mapping. Journal of Experimental Psychology:
Learning, Memory, and Cognition 23, 4 (1997), 946–967. https://doi.org/10.1037/

0278-7393.23.4.946
[29] G. Knoblich, S. Ohlsson, H. Haider, and D. Rhenius. 1999. Constraint relax-

ation and chunk decomposition in insight problem solving. Journal of Exper-
imental Psychology: Learning, Memory, and Cognition 25, 6 (1999), 1534–1555.
https://doi.org/10.1037/0278-7393.25.6.1534 00691 Citation Key: knoblichCon-
straintRelaxationChunk1999.

[30] Nicolas Kokkalis, Thomas Köhn, JohannesHuebner, Moontae Lee, Florian Schulze,
and Scott R. Klemmer. 2013. Taskgenies: Automatically providing action plans
helps people complete tasks. ACM Transactions on Computer-Human Interaction
(TOCHI) 20, 5 (2013), 27. https://doi.org/10.1145/2513560 00000 Citation Key:
kokkalisTaskgeniesAutomaticallyProviding2013.

[31] K. J. Kurtz and J. Loewenstein. 2007. Converging on a new role for analogy in
problem solving and retrieval: When two problems are better than one. Memory
& Cognition 35, 2 (2007), 334–341. https://doi.org/10.3758/BF03193454 Citation
Key: kurtzConvergingNewRole2007.

[32] Keelin Leahy, Shanna R. Daly, Seda McKilligan, and Colleen M. Seifert. 2020.
Design Fixation From Initial Examples: Provided Versus Self-Generated Ideas.
Journal of Mechanical Design 142, 101402 (Apr 2020). https://doi.org/10.1115/1.
4046446 00000 Citation Key: leahyDesignFixationInitial2020.

[33] J. S. Linsey, A. B. Markman, and K. L. Wood. 2012. Design by Analogy: A Study
of the WordTree Method for Problem Re-Representation. Journal of Mechanical
Design 134, 4 (2012), 041009. https://doi.org/10.1115/1.4006145 Citation Key:
linseyDesignAnalogyStudy2012.

[34] Stephen MacNeil, Zijian Ding, Kexin Quan, Ziheng Huang, Kenneth Chen, and
Steven P. Dow. 2021. ProbMap: Automatically Constructing Design Galleries
through Feature Extraction and Semantic Clustering. InAdjunct Proceedings of the
34th Annual ACM Symposium on User Interface Software and Technology (Virtual
Event, USA) (UIST ’21 Adjunct). Association for Computing Machinery, New York,
NY, USA, 134–136. https://doi.org/10.1145/3474349.3480203

[35] George Mestral. 1961. Separable fastening device. https://patents.google.com/
patent/US3009235A/en

[36] Laura R. Novick. 1988. Analogical transfer, problem similarity, and expertise.
Journal of Experimental Psychology: Learning, Memory, and Cognition 14, 3 (1988),
510–520. https://doi.org/10.1037/0278-7393.14.3.510

[37] Lindsey E. Richland and Ian M. McDonough. 2010. Learning by analogy: Dis-
criminating between potential analogs. Contemporary Educational Psychology 35,
1 (Jan 2010), 28–43. https://doi.org/10.1016/j.cedpsych.2009.09.001

[38] Dominik Siemon, Taras Rarog, and Susanne Robra-Bissantz. 2016. Semi-
Automated Questions as a Cognitive Stimulus in Idea Generation. In 2016
49th Hawaii International Conference on System Sciences (HICSS). IEEE. https:
//doi.org/10.1109/hicss.2016.39

[39] Rand J. Spiro, Richard L. Coulson, P. J. Feltovich, and Daniel K. Anderson. 1988.
Cognitive flexibility theory advanced knowledge acquisition in ill-structured do-
mains /. Number 441 in Reading Research and Education Center Report. Cham-
paign, IL. 20 pages. 01887 Citation Key: spiroCognitiveFlexibilityTheory1988.

[40] Toyin Tofade, Jamie Elsner, and Stuart T. Haines. 2013. Best Practice Strategies for
Effective Use of Questions as a Teaching Tool. American Journal of Pharmaceutical
Education 77, 7 (Sep 2013), 155. https://doi.org/10.5688/ajpe777155

[41] Terry Winograd and Fernando Flores. 2008. Understanding computers and cogni-
tion: a new foundation for design (24th printing ed.). Addison-Wesley, Boston.

[42] Lixiu Yu, Aniket Kittur, and Robert E. Kraut. 2014. Searching for Analogical Ideas
with Crowds. In Proceedings of the 32NdAnnual ACMConference on Human Factors
in Computing Systems (CHI ’14). ACM, New York, NY, USA, 1225–1234. https://
doi.org/10.1145/2556288.2557378 Citation Key: yuSearchingAnalogicalIdeas2014.

[43] Pengyi Zhang and Dagobert Soergel. 2020. Cognitive mechanisms in sensemak-
ing: A qualitative user study. Journal of the Association for Information Science
and Technology 71, 2 (2020), 158–171. https://doi.org/10.1002/asi.24221 Citation
Key: zhangCognitiveMechanismsSensemaking2020.

Received 17 April 2023

341

https://doi.org/10.1007/978-94-009-9349-5_9
https://doi.org/10.1037/h0093599
https://doi.org/10.1115/1.4023158
https://doi.org/10.1115/1.4023158
https://doi.org/10.1002/smj.475
https://doi.org/10.1207/s15516709cog0702_3
https://doi.org/10.1207/s15516709cog0702_3
https://doi.org/10.1037/0003-066X.52.1.45
https://doi.org/10.1037/0003-066X.52.1.45
https://doi.org/10.1006/cogp.1993.1013
https://doi.org/10.1016/0010-0285(80)90013-4
https://doi.org/10.1016/0010-0285(83)90002-6
https://doi.org/10.1016/0010-0285(83)90002-6
https://doi.org/10.1037/h0023118
https://doi.org/10.1111/j.0956-7976.2005.00782.x
https://www.jstor.org/stable/1466674
https://doi.org/10.2307/2393655
https://doi.org/10.1086/349412
https://doi.org/10.1145/1518701.1518717
https://doi.org/10.1145/1518701.1518717
https://doi.org/10.1016/0747-5632(90)90034-E
https://doi.org/10.1016/0747-5632(90)90034-E
https://doi.org/10.3758/BF03197035
https://doi.org/10.3758/BF03197035
https://doi.org/10.1207/s15516709cog1303_1
https://doi.org/10.1207/s15516709cog1303_1
https://doi.org/10.1016/0142-694X(91)90003-F
https://doi.org/10.1145/3530013
https://doi.org/10.1145/3530013
https://doi.org/10.1037/0278-7393.23.4.946
https://doi.org/10.1037/0278-7393.23.4.946
https://doi.org/10.1037/0278-7393.25.6.1534
https://doi.org/10.1145/2513560
https://doi.org/10.3758/BF03193454
https://doi.org/10.1115/1.4046446
https://doi.org/10.1115/1.4046446
https://doi.org/10.1115/1.4006145
https://doi.org/10.1145/3474349.3480203
https://patents.google.com/patent/US3009235A/en
https://patents.google.com/patent/US3009235A/en
https://doi.org/10.1037/0278-7393.14.3.510
https://doi.org/10.1016/j.cedpsych.2009.09.001
https://doi.org/10.1109/hicss.2016.39
https://doi.org/10.1109/hicss.2016.39
https://doi.org/10.5688/ajpe777155
https://doi.org/10.1145/2556288.2557378
https://doi.org/10.1145/2556288.2557378
https://doi.org/10.1002/asi.24221

	Abstract
	1 Introduction
	2 The AnalogiLead System
	2.1 Magnets
	2.2 Playspace
	2.3 Recombinations

	3 Technical Overview
	3.1 Prompt Engineering
	3.2 Software Implementation

	4 Demonstration
	Acknowledgments
	References

